Abstrael: We propose a simple method that can
pecopnize human emotion from menocular dance image
sequences. The method only exploits the inlrmation within
image  sequences and does not reguire cumbersome
giachments like sensors. This makes the method @ simple;
puman-friendly one. Moreover, the method 15 more robust
and efficient by taking into account the smtistical property
of image sequences based on PCA (Principal Component
Analysis), The correel recognition tate i real-time is about
74% in @ variery of cxpéniments.

1. Introduction

The last couple ol years have scen that many
rescarchers focused on recopnizine homan cmotion 1o
achieve & more cfficient and notural way of human-
computer imerface

Picard tries w recopnize affective state by capturing the
physiological signals. e, EMOG (electromyperam), blood
volume pressure, galvanic sk response, and respirtion ele
[1]. Picard considered the emotion  recognition  as
physiclogical pattcrn recognition.  Howewer, it peeds
complicated devices to cupiure the physiological signals:

Toward more human-friendly  interface, e emotion
recognition methods based on computer vision technigues
have been proposcd [2.3]. These metheds exeract cmetional
information [rom specches or facial expressions. However,
these methods dicdn 't focas on gestures to recognize human
emolion  because  the  pestures  are oo much  high
dimensional and dynamic, amd morcover it's nol easy o
track them exactly, Reeently, some methods that can track
the pestures exactly were introduced [4,5], but they are too
tomplex 1o be applied o real-tinie syatems for recognizing
human emation.

Figure | Bectangle surrounding human body

Woo e al. proposed the method it cm recopniee
motion from dance image scquences simpler and  Fister
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[6.7], They simplified the high-dimensional and dyvnamic
chanpe of gesturcs o the movement of  rectangle
surrounding  human body (Figure 1), Based on Laban's
theory [B]. they extracted the features; the width and heigh
of rectanple, the coordinate of centroid, etc,, and classified
them into predefined emotional categary using TDMLT.

The method in this paper is an extension of the previous
work proposed by Woo et ol. We attempt to recopnize
human emotien faster and more correctly from dance image
SCOULnCes.

In gencral, the features extracted fom the movement of
rectangle are still tigh dimensional and dynamic. Thus,
directly extracting: emotional  nformation  feome all - the
features 15 chificul and sensitive 1o noise. The proposed
method 1ries o be robust to noise while maintaining high
recogniion rate by classifying the extructed femures in
subspace using PCA,

The rést of this paper is organized as follows, In the
next section we explin the technigques for recognizingz
Puman gimetion from dance tmage Seguences. In séction 3
we meption several assues rased mooimplementing the
proposed  method and show our selutions. for thon, In
section 4 we provide the experimental result. We presont
conclusions In sectivn 3.

2. Emotion Recognition from Dance Tmage
Sequences
he proposed method consisis of three pans:

¢ Feature extraction from dance nmage sequenee,

¢+ TExtriction of principal components from the
features using PCAL

+ Classilication of the prineipal componenis it
predefined  cmononsl  space pietiral
network.

LEsHTE

2.1 Feature extraction from dance image sequence

A firsn we get rid of the background and shadow of
donce gmages using difference keying  and - nonmaslized
difference keving technigue separately and create binary
inges AFigdre 9] Next. we extract  the  features
represcrding dancmg moton, e the width and height of
rectanghes the coordinate of centrowl, sithouetie area, the
ratio between rectangle and sslhovenie area. and the veloony
amd acccleration of cach feature (Tahle 1,
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Table 1. Features extracted from binary images

The ratiy between recrangle and silhoueite s W
The conrdinate of centroid (G50
| The coordinate of the center of rectangle (R, 1)

Thie silliouette ares 5

The rectangle arca ]_ '3,

The velocity of each feature

The acceleration of each feature |

fix,) - KpBpis L e P T

2.2 Extraction of principal components

We applied SVD (Singular Value Decompesition] to the
extracted features and sclected the principal components
having large eigen value. This has an effect to remove noisy
information from the features [9]

In case of extracting n features from the dance sequence
having m frames, we apply SV to A matrix having m=n
features as its clements, That is:

A=UEVT
whcre
g, = 0
Do £
2= | ¥
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o, zo, 22, =, a7

Here, o) means the singular value and ith column ol Ll s
cigen veetor concemed with o, The reigen vectors (0, Ug,
. u,) concerned with large o are represented by linear

combination of the Feature vegtors (f, Fr ... 1) That 15
u, = a«,,r, +‘T::f: +_"+a5|rrn
u, ={I-_.|r: + a::r: +---+f1'3"f“ 1

ur = If"\rrllr1 +'|'-"Er_"f.‘. LE ”-+f1rutn
This Is rewntien.as follows:
u =Fa, fori=.

T
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where
T

T

a=la, a, - a,

F=lfi % - Ik}
Here, o, represents contribulion measdre and it's solved as
Tollows:
T af =it
u, =1 i 3 e
Given @, the principal components are represented by
weizhted sum of the features from dance 1mage stquence:

M =ullrll + 1:"'l!rll-'_“'J""“""‘hurl'-l *
Pz zﬁ-!lrll ey fy Heebag B

P-| = 1"tll1-| ?.-U‘I.'.'fl +.”+u'mlu
where {7 represents the features extracted from cach frame
ol dance sequence.

2.3 Classification of the principal components
As a kind of neural network, MLE (Multi-Layer
Perceptron) is feedforward network this have hidden layery
hetween input layer and output layer, ML can be used 4.
classify arbitrary data because its intemal neurons hi!ve:':
nonlinegr property. But it can’t classify dynamically
changing data like dance. As shown in Figure 2. TDMLE
{Time Delay MLP) stores the input data Tor some perigd
and uses all the delayed data as input. Becasse it cap
cffectively anulyze not only can instant vidue byl alsg
changing patterns of input data, it can classify the dynamic
daty exactly and robustly.

Finml.rmal Category |

.. 2

Hidden Layer I

I_

Input Laver

L

Figure 2. The structurg of TOMLEP. 1t has three lavers and a
butfer i mput Jayer,

D

3. Implementation Issues and Solutions

In general, the featurcs extracted from dynamically
changing dance images inclede: many outliers. Applying
SVD to the exeracred featwres without getting rid of these
outliers, the recognition shows: poor results due to the
outliers. To resolve this problem, we caloulale the mean and
deviation of the featurgs in advance and clamp the outliers
that devinte from the mean more than wn allowed deviation.
In addition, the foitores are oo complexly mixed cach
ather 10 he elissilicd by TDMLP. To mereate the
separnbility of the features, we normalize them 1o be :
distributed evenly between  the maximum  value and =S8
minimum vatue of the featmes, i

TR

=

e clamping

18 (dlota — averape] > fmax - average)*u)
dat = aviermge + (K- average )t

else HT (datn — wvernge) < (min - averge)* 1)
dot = sverage + (min - average)® [

(it normalizaton
dittiy ~ (elata - ming f (s - min g

ma - amaeiminn vilee of doa

min: s visloe of ditka

average - avernge vilue of dai |
a, |4 eoelidiens determined secording 1o the comyprlekity
ol it

=
Figure 3. The souree code Tor clamping and normalizing:
data.
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2 The features wie very noisy and need 1o be smoothed o
-v in o reasamible result. This, we take mediin filterimg.
e owindow size for median fillering . heavily  afTects
'!“i['mn il Ili'lhr window size is oo small, 1t tends 1o

pe sensitive 10 noisc, On the contrary, if the window size 15
o large; the separability of the features is deteriorated.
o 4 shows how the size of the window [or median
- fihering affects the recogmition rate,
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Figure 4. Recognition rale aceording to the window size for
median {iltering.

Because the SV analbyiees the statisticel property of the
features, the training sequences should contain sufficicn
mumber of patterns. Insufficicnt training date may resull in
emunecus  recognition. To oresolve this  problem,  we
captured  the dance image sequence ancluding  various
dancing motion for a long time.

The physical difference of dancer can cause u problen,
Despite expressing the same motion, the features extracied
from onc dancer to another may be different and thus it can
be recognized ds different one. To resolve this priblem, we
idividually normalize the extrocted features for ench
dancer.

4. Experiments and Results
To ebtain exparimnental seguences, we caplureel the
dance motion from 4 prolissional dancers using a viden
fmera (Cannon MVI) Two sequences are used for
tining the TOMLP and the others are used Tor testing the
TDMLP.

Figune 5 Dance images

At first, we eliminate the background and shadow of
each frame in sequences and pet binary images, Next, we
cxtract 21 leatures representing dancing motion and apply
SVD o them: We caleulate the contribution measure for 7
cigen veclors having farge cigen values and extract 7
principal components every frame. Finally, we buffer 14
principal components with one delay and exploit them as
the input of the TRMLP. The TDMLP is leamed to map the
principa] components 1o predefined emotional category
(happy, sad, angry, surprisc) and is tested to recognize the
emotian that an arbitrary image sequences represent. The
TDMLE consists of 14 input nodes, 56 hidden nodes, and 4
output nodes.
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Fijgure 6. Recognition mie according to the number of
timie delays,

Figure 6 shows the recognition raic of 4 emotions 1o the
number of vme delay of TOMLP. Our svstem shows 75%
recogniion role onoaverages It shows a lintle difference
according fo the number of time delay of TDMLP. As
shown an Figure 6, our system shows best performance
whin time delay = 1.

Tahle 2. Recognition rate for each emotion (inside the
training sequence)
happy | surprise |

angry | sad

iy 9% | M%. | 8% | 2%

surprise 3% _LTS% % | 8% |

angry | 23% | 0% | 70% }_ ™% |
sad 0% | % | 1% 92% |

Table 3. Hecopmnon rate for ezch ensotion (outside the
trning scquencey

happy | surprise | angry | sad
happy | 52% | 16% | 24% | 8% |
| supdse | 6% | 76% | 0% | 8% |
Langry | 14% ‘ 12% | 64% | 1% |
skl | W : 4% 2% | '}‘-ﬂlr_
Fable -2 pnd. 3. when time delay = L. show the

recognition e for cach emotion 10 inside ond ouside the
training - sequence . sepasitely. The secopnition mite an
eutsade the g sequenge 15 less than that inomside the




tramimg sequence since the method of cach professional
cunicer’s eapressing histher emotion is different. It can be
alfeviated 1f we acquire the sample seguence from mare
dancers and have the TDMLP learmn 1o adapt to various
expression methods included.

Tahble 4. Recognition rate according 10 the number of
frames in lraiming se LENCes.

]

| frames happy | surprise | anpry | sad |
000 | 30% (1% 0% 100%
2000 | 30% 35% 25% 100%
3000 50% 76% 60% 0%

{4000 50% 50% fi4% 83%

| s000 52% 76% 64% 94%

Table 4 shows how the number of frames in the training
sequences affects the recognition rate when time delay = |
{owiside the training sequence). If the sequence 1s too short,
it has a few specilic patterns, The TDMLP learned with the
sequence can recognize only the speeific patterns and can't
have pood recognition rate. When frames = 3000, our
swstem had shown satisfactory performance.

5. Conclusion

We propused a real-time emotion recogmition method
taking inte accounl statisteal propertics of the features
extracted from dance image sequences. We verified through
experiments that it shows reasonable  performance  for
practicul application.

The proposed method can be practically osed in
emtertamment and education fields that need humaniike,
real-time: human-computer interaction on which we are
intensively investigating.

[he important avenue for future work will be to capture
the motion from more dancers amd recognize ther emotions
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